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Abstract—Robotic soccerisachallengingresearch domainbecausemany
different research areashave to beaddressedin order to createa successful
team of robot players. This paper presentsthe CSFreiburg team, the win-
ner in the middle sizeleagueat RoboCup 1998,2000and 2001. The paper
focuseson multi-agent coordination for both perception and action. The
contributions of this work are new methodsfor tracking ball and players
observed by multiple robots,team coordination methodsfor strategic team
formation and dynamic role assignment,a rich set of basicskills allowing
to respondto largerange of situations in an appropriate way, an action se-
lection methodbasedon behavior networks aswell asa methodto learn the
skills and their selection. As demonstratedby evaluations of the different
methodsand by the successof the team, thesemethodspermit the creation
of a multi-r obot group, which is able to play soccersuccessfully. In addi-
tion, the developedmethodspromiseto advancethe stateof the art in the
multi-r obot �eld.

I . INTRODUCTION

In 1993,Mackworth proposedrobotic soccerasan applica-
tion for demonstratingintegrationof methodsfrom AI, vision,
androbotics[22]. The RoboCupinitiative [19] went onestep
further andproposedto usethis domainasa benchmarkprob-
lem for AI and robotics,and they startedto organizeinterna-
tional competitions. Nowadays,RoboCupcomprisesa scien-
ti�c symposium,roboticdemonstrations,andcompetitionswith
realandsimulatedrobotsin differentleagues;andit enjoyshigh
popularityamongresearchersandin thegeneralpublic.

TheCSFreiburg1 teamparticipatessince1998in themiddle-
sizerealrobotleague(F2000).In this leaguea maximumnum-
berof 4 autonomousrobotsperteamwith afootprintnotgreater
than2000mm

�

competeona�eld of approximately9 � 5 meters
fully surroundedby 50cmhighwalls2. A gamelasts2 � 10min-
utes.Theparticularchallengein this leagueis to covera whole
spectrumof researchissuesrangingfrom robotichardwarede-
velopmentandlow level sensorinterpretationuptoplanningand
multi-agentcoordination.

In the F2000league,global sensingsystems,e.g.,a camera
capturingthe whole scenefrom a bird's eye of view, arepro-
hibitedandonly localperceptionis allowed.However, wireless
communicationbetweenplayersandwith processingunitsout-
sidethesoccer�eld is allowedandmany teamsmake extensive
useof it. All playersof a teamareusuallystartedandstopped
by wirelesscommunication.Oncea gameis started,no further
humaninteractionis allowedandall decisionshave to betaken
autonomouslyby therobots.

The CS Freiburg teamhascompetedfour times at interna-
tional RoboCupcompetitions. The teamcamein third at one
tournament[37], [26] andwon theWorld Championtitle three
times[1], [15], [28], [39], [4], [40].

�

CS Freiburg stands for Computer Science Department, University of
Freiburg. In addition,it is apunonSCFreiburg, afamouslocal(human)soccer
team.�

Note,thatfrom 2002on,all walls aroundthe�eld areremoved.

This paperpresentstheCSFreiburg teamasa casestudyof
a successfulrobotic soccerteamwith a focuson coordination
in both,perceptionandaction. Themaincontributionswe will
focusonare:

� new methodsfor tracking the ball and playersobserved by
multiple robots,

� teamcoordinationmethodsfor strategic teamformationand
dynamicroleassignment,

� a rich setof basicskills allowing to respondto largerangeof
situationsin anappropriateway,

� anactionselectionmethodbasedonbehavior networks,and
� a learningmethodto adaptto new hardwareandto new envi-
ronments.

We will not describeour self-localizationmethodbasedon
laserscans[17], [15]. Instead,we will only note that we get
almostperfectself-localizationin theparticularenvironmentour
robotsareactingin.

The paper is organizedas follows. Section II gives an
overview of the hardwareand the softwarearchitectureof the
CSFreiburg team. The perceptiontechnologyandcooperative
sensorinterpretationapproachis presentedin SectionIII. Sec-
tion IV illustratesthe teamcoordinationmechanismincluding
dynamicrole assignmentand teampositioning. The player's
basicskills andthe methodof selectingthemaredescribedin
SectionV. SectionVI concludesthepaper.

I I . OVERVIEW

A. Hardware

The basisof the CS Freiburg soccerrobots are Pioneer I
robotsasmanufacturedby ActivMediaRobotics. However, they
havebeenheavily modi�ed andenhancedto meetthespecialre-
quirementsof soccerplaying.Figure1 showsoneof theplayers.

Fig. 1. A CSFreiburg player.



Equippedwith a PioneerII controller board insteadof the
originalone,arobotisableto moveconsiderablyfaster. A caster
roller insteadof the original rearcasterwheelallows for more
precisemotioncontrol. Furthermore,nickel-cadmiumbatteries
areutilized becauseof their light weightandhigh speedcharg-
ing capability.

For ball handlingandshootingakicking devicewith movable
ball steering�ippers is incorporated.A close-upof thedevice is
shown in Figure 2. The kicking plate is strainedby a wind-
screenwiper motor and releasedby a solenoid. The springs
pressingon the platearestrongenoughto producea kick that
shootsthe ball well over the whole �eld. Two DC-motorsal-
low to turn the �ippers to anuprightpositionandback. As the
�ippers areonly neededfor controllingtheball, they areturned
upwardswhentheball is notpresentin orderto decreasetherisk
of entanglementswith otherrobots[39].

Fig. 2. Close-upof thekicking device.

For self-localizationand recognitionof other robotson the
�eld aSICKLMS200laserrange�nder is employed.It provides
depthinformationfor a

�������

�eld of view with anangularreso-
lution of

���
	��

andanaccuracy of 1 cm[26].
The ball is perceived by a Sony DFW-V500 digital cam-

era. Framesareprovided in YUV format with a resolutionof
320x240pixelsandareprocessedat a framerateof 30fps[40].

The ”brain” of a robot is a SonyVaio PCG-C1VEnotebook.
Via the �re wire interface it connectsdirectly to the camera.
Serial-to-USBconvertersare necessaryto connectto the mo-
tor controllerboard(by RS232)andthe laserrange�nder (by
RS422). As no commerciallyavailable RS422-to-USBcon-
verteris capableof therange�nder' s500Mbaudrate,a custom
madeonehasbeenbuilt by SICKAG.

The describedhardware setupallows a player to play in a
fully autonomousway. However, for coordinatedperceptionand
coordinatedteamplay it communicateswith its teammatesand
anoff-�eld (standard)computerusingaWaveLan11Mbit/s (2.4
GHz)PCMCIA-card.

B. SoftwareArchitecture

TheCSFreiburg playersarecapableof playingin a fully au-
tonomousway basedsolelyon informationfrom their own sen-
sors. Additionally, they are able to exploit the possibility of
communicatingwith their teammatesduring a game.Unfortu-
nately, wirelesscommunicationcanbeunreliablein many cases

andteamsrelyingon it raninto severeproblemsin thepast.CS
Freiburg'sdesignis to rely only on informationgatheredlocally
on-boardof eachrobot but to bene�t from informationbroad-
castedby wirelesscommunicationif available.

Communicationenablestheplayersto organizethemselvesas
ateamandto bene�t from thesensoryinformationof theirteam-
mates.Figure3 depictstheteamarchitecture.Via radioEther-
net link theplayerscommunicatewith anoff-�eld computer. A
global sensorintegration modulerunningon theoff-�eld com-
puter3 integratestheplayer's local informationabouttheworld
into oneconsistentglobalworld model.In turn theglobalworld
model is distributedamongthe playersgiving themthe possi-
bility to enhancetheir local modelsof the world. A graphical
user interfacevisualizesthe global world model togetherwith
variousstatesof therobotsandallows to sendcommandsto the
players,i.e., for startingandstoppingthegame.
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Fig. 3. Teamarchitecture.

Figure4 shows the architectureof a player. The perception
moduletakesinformationfrom thesensorsand– if available–
from theglobalworld modelandmaintainsalocalworld model.
The local world modelprovidesthe basisfor the action selec-
tion mechanismthat decideswhich action from a setof basic
skills shouldbe carriedout by the player. The strategy com-
ponentconsidersboth theworld modelandmessagesfrom the
teammates,andensuresthatanactionaccordingto theplayer's
currentteamrole is selected.All modulesareactivatedevery
100msecin orderto determinethenext actionto execute.
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Fig. 4. Playerarchitecture.
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Note, that the global sensorintegration could be performedlocally on a
playeraswell.



I I I . PERCEPTION AND COOPERATIVE SENSOR

INTERPRETATION

A. Perceptionsystem

The perceptionsystemof the CS Freiburg robot playersis
basedon laserrange�nder dataandvision informationfrom a
�x ed-mountedmonocularcamera.Figure5 depictsthepercep-
tion modulewhichis thecoreof eachrobot.Brie�y , arobot�rst
localizesitself by extractingline segmentsfrom ascantakenby
therange�nder andmatchingthemwith ahand-crafteda priori
line modelof theRoboCupenvironment.Only linesof acertain
minimumextentaretakeninto accountto discardotherplayers
presentin thesensor's �eld of view. Thescan-matchedposition
is fusedin aKalman�lter with theestimatefrom odometry[15],
[16]. Experimentsshow that this localizationtechniqueis very
accurate(with anerrorof about2 cmand

� �

) andthatit is faster
andmorerobustthancompetingmethods[17].
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Fig. 5. Perceptionmodulerunningoneachrobot.

As in 2002the�eld wallswerereplacedby polessurrounding
the playing �eld the describedtechniquewas extendedto ex-
tract line segmentsby identifying thegapsbetweenneighbour-
ing polesin thescan.For this,a scanis clusteredanda ”virtual
line” is recordedif the distancebetweentwo clustersmatches
theknown poledistance.Virtual lineslying on thesameinde�-
nite line arethenmergedto ”candidatelines” for beingmatched
with the �eld outline. However, only thosecandidatelines are
matchedwhich have a certainminimum lengthandconsistof
a suf�cient numberof virtual lines. Additionally, a candidate
line is �ltered away if it is partially or completelycoveredby a
candidateline closerto thescan'scenter(seeFigure6).

In anticipationof further rule changesleadingto a reduction
of the numberof �eld polesthe monte-carlo-localizationtech-
nique[34] wasadoptedasa localizationmethodwhichwill still
be applicable,even if the numberof poleswill be cut in half
[13].

After a robot haslocalizeditself, playersareextractedfrom
thescanby removing all pointsbelongingto the�eld walls and
clusteringthe remainingones. For eachclusterthe centerof
gravity is computedand consideredas the centerof a player.
Inherentto this approachis the systematicalerror due to the
differentshapesof the robots[38]. At leastfor someplayers
this error canbe reduced,e.g.,by assumingthat the opponent
goalkeeperis usuallyorientedparallelto thegoal line, addinga

Fig. 6. Screenshotof how thegoalkeeperlocalizeditself andrecognizedthree
objectson the �eld. The small circlescorrespondto clusteredscanpoints,the
light lines are candidatelines which are �ltered away and the dark lines are
candidatelineswhicharematchedwith the�eld outline.

constantoffsetto thecenterof gravity generallyreducesthepo-
sitionerrorfor theopponentgoalie4. Fromtheextractedplayers,
onecannotdecidewhich is friend or foe. This is thetaskof the
multi-robotsensorintegrationdescribedin thenext section.

Sincethe laserrange�nders aremountedat a level thatpro-
hibits the detectionof the ball, a camerais usedfor obtaining
informationaboutthe ball. Algorithms in the CMVision soft-
warelibrary [6] areutilized for extractingcolor-labeledregions
(calledblobs) from YUV imagestakenby thecameraandem-
ploying previously learnedcolor tables.

A �lter teststhe plausibility of blobsanddiscardsthe ones
whoseshape,size or position make it very unlikely to corre-
spondto the ball. From the remainingblobs the one closest
to thepreviously selectedblob is chosenandvariousproperties
suchascenter, radius,or sizein pixelsaredetermined.

Fromthecomputedblob centertheglobalball positionis de-
terminedby usingan off-line learnedmappingtable that con-
tains distanceand headingpairs for eachpixel. This lookup
tableis autonomouslylearnedby the robotbeforethegameby
positioningitself atvariouspositiononthe�eld andtakingmea-
surementsof theball which staysat a �x edposition. Interpola-
tion is thenusedto computethedistanceandheadingpairsfor
pixelswherenoexplicit informationis available[32].

Despiteof the applied�lters, wrong ball measurementsstill
occurreddueto re�ections on shiny surfacesor poorly trained
colors,e.g.,thewhite �eld markingsappearedto have a similar
color as shiny re�ections on the ball. In order to detectsuch
wrong ball measurements,a global sensorintegrationmodule
integratestheobservationsof all players.

B. Multi-RobotSensorIntegration

All playerssendtheir own position,thepositionof observed
other playersand the position of the ball (if detected)to the
global sensorintegrationmodule(seeFigure3). For eachob-
jectonthe�eld (own players,opponentplayersandtheball) the
modulemaintainsa trackwhereobservationssentby therobots
areassociatedwith andfusedto.

For playerobservations,trackscontainingpositionmeasure-
�

Of coursethis offsetdependson theshapeof theopponent's goalieandhas
to beadjustedbeforeagame.



mentsfrom anown playeraremarkedasteammate, all othersas
opponent.

Theball positionis determinedby a probabilisticintegration
of all ball measurementscomingfrom theplayers.A combina-
tion of Kalman �ltering andMarkov localizationasdescribed
below is usedfor achieving maximumaccuracy androbustness.

If no measurementscanbeassociatedwith a track for a cer-
tain amountof time (e.g.,5 secondsin thecurrentimplementa-
tion), thetrackis deleted.

Becausetheglobalmodelintegratesmoredatathana single
playeris ableto perceive, it shouldbemoreaccurateandcom-
prehensive thanany local world modelof a singleplayer. The
fusedpositionsof playersandball aresentback to all robots
on a regular basiswherethey are integratedinto eachrobot's
world model.For theintegration,only objectscurrentlynotob-
servedby therobotareconsidered.Eachrobotusuallyknowsits
own posewith high accuracy, thereforetheinformationabouta
robot's posein theglobalmodelis not takeninto account.Fur-
thermore,sincethe informationin the global model is usually
100 - 200 ms old, informationaboutobjectsobserved directly
by therobot'ssensorsis morerecentandmoreaccuratethanthe
onecontainedin theglobalmodel. Therefore,only objectsnot
observedby therobotareintegratedfrom theglobalmodel.Ad-
ditionally, the identi�cation of players(teammateor opponent)
is takenfrom theglobalmodel.

Using the sensorinformation of the whole teamenablesa
playerto considerhiddenobjectswhenselectinganaction.This
proved to be especiallyadvantageousfor the global ball posi-
tion, sincethe ball is seenalmostall the time by at leastone
player. Furthermore,knowing whetheran observedobjectis a
teammateor anopponentis, of course,veryhelpful for aneffec-
tivecooperativeteamplay.

C. Multi-PlayerTracking fromReliableData

For eachobjectdetectedby oneof the playersthe on-board
perceptionsystemcomputesheadingandvelocity information
basedonthelastfew observationsbelongingto thisobjectusing
differentiation. Eachobservation is thencommunicatedto the
multi-sensorintegrationmodule. Thus,the observation model
is a randomvariablex ���

���

���	�
���
�����	������������� with mean �x �

andcovariance�
� wherethe statevectorcontainsthe object's

position,headingandtranslationalandrotationalvelocities.
As theCSFreiburg robotsknow their own positionwith high

accuracy andtheLRF providesaccuratedata,it is assumedthat
for playerobservations�

� is aconstantdiagonalmatrixwith the
diagonalsmanuallydeterminedthroughexperiments.

Whenever a robot sendsinformation abouta player which
can't be associatedwith an alreadyexisting track, i.e., if the
distanceto all existing tracksexceedsacertainthreshold,a new
track is initiated. TracksaremodeledasGaussianvariablesx �

with mean �x � andcovariance��� . Thus,wheninitiating a new
track,it is setto

�x �
�

�x �
� �

�
���

�

�

(1)

For predictingthe stateof a track over time, a simplemotion
model is usedwith the assumptionthat the objectmovesand
rotateswith constantspeed.Givena certaintime interval � , the

trackis projectedaccordingto
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with
B
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I D beingsomeconstantstandard
deviationsestimatedthroughexperiments.

Now, whena new measurement�x � arrives from one of the
robotswhich correspondsto a track x � , observation and track
arefusedaccordingto:
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Note,thatsincethesensormodeldoesdirectly observethesys-
temstate,thesimpli�ed Kalman�lter equationsfoundin May-
beck[24] canbeutilized.

Thesuccessof a Kalman�lter dependson a reliabledataas-
sociationmethod. In the current implementationa geometric
methoddevelopedby Velosoetal. [36] is used.Themethodas-
signsmeasurementsto tracksby minimizingthesumof squared
errordistancesbetweenobservationsandtracks.Althoughthis
geometricmethodalreadyyields reasonableresultsin practice,
it shouldbenotedthattheapplicationof a probabilisticmethod
suchasjoint probabilisticdataassociation�lters (JPDAF) [2],
[8], [27] might still improvetheresults.

D. Ball Tracking fromNoisyData

Trackingtheball from observationsof multiple robotsis sim-
ilar to trackingdifferentplayersbut therearesomenotabledif-
ferences.Dataassociationis easierastherecanbeonly oneball
in the�eld duringagame.However, sinceball recognitionusu-
ally employsvision,measurementsarelessaccurateandcanbe
in few casesunreliable,e.g.,whenobservingfalsepositivesdue
to re�ectionsor poorly trainedcolors.

Sincethevision sensoris only ableto determinetheheading
to theball with goodaccuracy but failsto provideaccuraterange
data,especiallyif theball is farawayfrom therobot,thecovari-
ance��Q of a ball observation �x Q dependson thedistanceto the
ball. Given therange
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where
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^0` are someconstantstandarddeviationsde-
terminedempirically. From this, the observation error canbe
computedas

�
Q

� 67ab�!c�6:a

�

� (8)



where

a

�

�

R

Q]�

�

X

Q]�

�

��Q*�

�

��Q*�

�

�8QW� �

"#

#

#

#

$

�

�

�WVWQ %

�

R

Q '1)J+

�

�

� �HVWQ %

�

X

Q �

�

���HV	Q %

�

R

Q +	- .

�

�

�0�WVWQ %

�

X

QW�

�

��Q

�

��Q

�

� Q

2 3

3

3

3

4

�

�!c � =�>_?
A

�

�

R

Q

B

�

�	`

�

B

�

^0`

�

B

�

F

`

�

B

�

G

`

�

B

�

I

`

���

and
B

F

` ,
B

G

` and
B

I

` are further constantstandarddeviations
estimatedby experiments.

Initiation of a new track x � from a ball observation is per-
formedaccordingto:
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(9)

For predictingtheball stateover time a similar function asfor
playermovementsis usedbut the assumptionis taken that the
ball rolls onastraightline andslowsdown with deceleration? Q ,
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� is a similar constantcovari-
ancematrix as �

9

�

�
� to �atten the Gaussiandistribution over
time. Finally, fusingnew observationsto this trackis analogous
to equations(5) and(6).

The Kalman�lter for ball trackingpresentedin this section
assumesnoisy but reliable data, that is, no outliers are inte-
grated. However, sometimescompletelywrong ball measure-
mentswereobservedby oneof the robotsdueto re�ectionson
walls or poorly trainedcolors.Onepossibility to �lter out such
outliers is to usea validationgatethat discardsmeasurements
whoseMahalanobisdistanceis largerthanacertainthreshold= ,
where= is chosenfrom a �

�

distribution.
Sucha validationgate,however, hasthe problemthat when

onerobot is constantlysendingout wrongobservationsandthe
Kalman�lter for somereasonis trackingthesewrongobserva-
tionsand�lters out all others,theglobalball positionbecomes
unusable. Furthermore,when the robot stopssendingwrong
observationsit takesseveralcyclesuntil otherobservationsare
takeninto accountagain.For thesereasonsamoresophisticated
�lter methodis employedwhichis describedin thenext section.

E. Markov LocalizationasObservationFilter

In localizationexperimentscarriedout on the mobile robot
Rhino[33], it becameevidentthatMarkov localizationis more
robust,while Kalman�ltering is moreaccuratewhencompared
to eachother[14]. A combinationof bothmethodsis likely to
providea maximumrobustandaccuratesystem.

For ball localization, this result is utilized by employing a
Markov processas an observation �lter for the Kalman �lter .
A grid-basedapproachwith a 2-dimensional

� �

�
� � grid is used
whereeachcell � is associatedwith the probability �

�

� � that

the ball is in this cell. The grid is initialized with a uniform
distributionbeforeany observationis processed.Theintegration
of new ball measurementsis thendonein two steps:prediction
andupdate.

In thepredictionstep,ball motionis modeledby aconditional
probability �
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� which denotestheprobabilitythat theball
is atposition � giventhatit wasatposition �
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. Uponball motion,
thenew ball positionis calculatedas:
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Grid-basedMarkov localizationcanbecomputationalexpen-
sive if thesizeandespeciallythedimensionof thegrid is large.
For ef�ciency, only a 2-dimensionalgrid is usedthat doesnot
storeany headingorvelocityinformationof theball. Thismeans
thatthepositioncannotaccuratelybeestimatedwhentheball is
moving. For the motion model �
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tributedwith zeromeanandcovariance
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where� is thetimepassedduringball motion.
In theupdatestep,a new ball observation �

Q is fusedinto the
probabilitydistributionaccordingto Bayes'law:
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Thesensormodel�
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��� � determinesthelikelihoodof observ-
ing �0Q given the ball is at position � . It is modeledaccording
to:
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where
�

�0Q are the
� �

�	� � componentsof ball observation �x Q as
de�ned in SectionIII-D and �

�

Q

is theupperleft � ��� submatrix
of ��Q ascalculatedin equation(8).

Maintaining the multi-modal probability grid makes it very
easyto distinguishwhichball measurementshouldbeintegrated
by the Kalman �lter and which not. After updatingthe grid
with a new measurementthemostlikely ball positionis deter-
mined,that is, thecell with thehighestprobability. Only mea-
surementsthatarecloseto themostlikely positionarefusedinto
theKalman�lter andall othersareconsideredasoutliers. Fur-
thermore,if thecurrentstateof theKalman�lter doesnot cor-
respondto themostlikely ball positionin thegrid, theKalman
�lter is re-initializedusingthis position.

By usingthis dualprobabilisticlocalizationmethodhigh ac-
curacy is achievedthroughKalman�ltering togetherwith high
robustnessthroughMarkov localization. Onemight arguethat
Markov localizationalonecouldbesuf�cient for localizing the
ball. However, sincepositionsarediscretizedinto agrid andthe
ball positioncannotbeaccuratelyestimatedon ball motiondue
to the2 dimensionalityof thegrid, theresultingpositionwould
belessaccuratethantheonefrom thecombinedmethod.



F. Results

In orderto demonstratetheperformanceof theball tracking
algorithm, let us consideran ambiguoussituationsuchas the
onein Figure7. Two robots,player1 and3, observe theball at
thetruelocationin front of thegoalbut onerobot,player2, gets
it all wrongandthinkstheball is somewhereon thecenterline.

Fig. 7. Player2 observesa falsepositive on thecenterline.

Assumingthat all threeplayerssendtheir ball observations
to the global sensorintegrationmoduleon a regular basis,the
probabilitydistributionsasshown in Figure8 result.
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Fig. 8. Evolutionof thepositionprobabilitygrid.

When integrating the �rst threemeasurements,all of them
arefusedby theKalman�lter sincenoneof themhasbeende-
tectedto be an outlier yet. Note that after updatingthe grid
with thesecondmeasurement,theprobabilitydistribution hasa
sharppeakat thecenterline causedby the low uncertainmea-
surementof player2 which thinks theball is close. After inte-
gratingmoremeasurements,theprobabilitydistributionconcen-
tratesmoreandmoreon thetrueball locationandfurthermea-
surementsfrom player2 (left graphon bottomrow in Figure8)
cannotout-weighthetruelocationanymore.Thus,afterthe�rst
integration of observationsfrom all players,subsequentread-

ings from player2 are�ltered out andtheKalman�lter tracks
theball basedonobservationsfrom player1 and3 only.

In order to verify that the ambiguoussituationasdescribed
above is not anacademiccase,datarecordedfrom competition
gameshavebeenreviewed.Fromthe118,388ball observations
duringRoboCup2000,938of theseobservations( �

��� ���

) were
excludedusingthedescribedkind of �ltering. Theimplications
from sucha�ltering andmoreinformationabouttheaccuracy of
the trackingmethodscanbe found in our paperon cooperative
sensing[9].

IV. TEAM COORDINATION

Socceris a complex gamewherea teamusuallyhasto meet
several requirementsat the sametime. To ensurethat in any
gamesituationa teamis preparedto defendits own goal, but
alsoreadyto attacktheopponentgoal,thevariousteamplayers
haveto carryoutdifferenttasksandneedto positionthemselves
at appropriatestrategic positionson the�eld.

To expressthat a playerhasa taskwhich is relatedto a po-
sition in theteamformationa playeris saidto pursuea certain
role [29]. Distinguishingbetweendifferentareasof responsibil-
ity thefollowing rolesareestablished:

� active: theactive playeris in chargeof dealingwith theball.
The player with this role hasvariouspossibleactionsto ap-
proachtheball or to bringtheball forwardtowardstheopponent
goal.

� strategic: the taskof thestrategic playeris to securethede-
fense.It maintainsapositionwell backin its own half.

� support: the supportingplayer serves the teamconsidering
the currentgamesituation. In defensive play it complements
theteam's defensive formationandin offensiveplay it presents
itself to receivea passcloseto theopponentsgoal.

� goalkeeper: the goalkeeperstayson its goal line andmoves
dependingon theball'sposition,directionandvelocity.

As the goalkeeperhasa specialhardwaresetupfor its task,
it never changesits role. The three�eld players,however, are
mechanicallyidenticalandswitchtheirrolesdynamicallywhen-
evernecessary.

A. PreferredPoses

Theapproachof CSFreiburg for determiningapreferredpose
for each�eld playerrole is similar to the SPAR methodof the
CMU teamin thesmallsizeleague[30]. Fromthecurrentsitu-
ationasobservedby theplayers,a potential�eld is constructed
which includesrepulsive forcesarisingfrom undesirableposi-
tionsandattractingforcesfrom desirableones.

Figure9 shows an exampleof a potential�eld for the pre-
ferredpositionof theactiveplayer. Darkcellsindicateveryun-
desirablepositionswhereaslight positionsrepresentverydesir-
ablepositions.Theresultingpositionis markedwhite. Theideal
positionfor theactiveplayeris consideredto beat leastacertain
distanceaway from otherplayersandat an optimumdistance
andangleto theball. While theoptimumdistanceis �x ed,the
optimumangleis determinedby interpolatingbetweena defen-
siveandanoffensivevariantdependingontheball'sposition.A
defendingplayershouldbeplacedbetweentheball andtheown
goal,but in offensiveplay theball shouldbebetweentheplayer



andtheopponentgoalandtheplayershouldfacetheopponent
goal.

Fig. 9. Potential�eld for determiningtheactive position.

Figure 10 shows the potential �eld for the desiredposition
of the strategic player. It is basedon the samegamesituation
andusesthe samecolorsasthe examplefor the active player.
The strategic player is supposedto stay well behindall play-
ersandtheball andshouldprefercentralpositionswith regard
to its own goal. Only the active player is assigneda repulsive
forceexplicitly in orderto enforcestayingoutof its way. Other
playersareavoidedimplicitly by the pathplannerwhich �nds
anappropriatepositioncloseto thedesiredone.

Fig. 10. Potential�eld for determiningthestrategic position.

Figure11showshow in thesamegamesituationasabovethe
defensive supportpositionis determined.Thesupportershould
stayaway from all otherplayersandat a certaindistanceto the
ball. As the supportingplayer shouldcomplementthe team's
defensiveformation,additionallypositionsbehindandasidethe
activeplayerarepreferred.

Fig. 11. Potential�eld for determiningthesupportposition.

To avoid ”overreacting”to the constantlychangingenviron-
mentaplayer'scurrentposeis favoredwith apersistencevalue.

Additionally, the tolerancesfor reachingthe preferredposeof
thedefendingplayersaredetermineddynamicallydependingon
how muchturningis requiredto moveto theseposes.By allow-
ing large tolerancesfor large anglesbut requiringsmall toler-
ancesfor smallanglesit is achievedthata playeronly startsto
updateits poseif thenew posediffersconsiderablyfrom theold
one.But oncetheplayeris moving towardsthatpreferredpose
it intendsto approachit accurately.

To reachapreferredpose,aplayerfollowsacollision-freetra-
jectory generatedby a pathplanningsystemwhich constantly
(re)planspathsbasedon the player's perceptionof the world.
The systemis basedon potential�elds anduses��� searchfor
�nding its way out of local minima [35], [40]. In order to
avoid interferingwith the active player, the strategic andsup-
portingplayerareaddingextrasourcesof repulsiveforcesahead
of theactive's way. Furthermore,to reducecollisionsbetween
teammatesthe prioritized path coordination method[21], [3]
wasadopted.The playerscommunicatetheir currentpathsto
their teammatesandcheckfor potentialcollisionsin thefuture.
Wheneveracollisionisdetectedtherobotwith thelowerpriority
reducesits velocity suchthat collisionswith higherprioritized
robotsareavoided.Theplayer'sprioritiesarederivedfrom their
currentrole, assigningthehighestpriority to theactive andthe
lowestto thesupportingplayer[12].

B. Roles

After a �eld player has determinedthe best active, strate-
gic and supportposesfrom its perspective, it estimatesutili-
ties for eachrole, which are basedon the role itself and on
anapproximationfor thetime it would take theplayerto reach
the correspondingpreferredpose. The utilities aredetermined
by taking into accountthe robot pose
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consideredto befor theplayer. Finally, theutilities areweighted
by theimportanceof therole,i.e., theactiverole is moreimpor-
tantthanthestrategic role,which in turn is moreimportantthan
thesupporterrole.

In orderto decidewhichroleto takeaplayersendstheutilities
estimatedfor eachroleto its teammatesandcomparesthemwith
the received ones. Following a similar approachtaken by the
ARTteam[7], eachplayer's objective is to take a role so that
the sumof the utilities of all playersis maximized- underthe
assumptionthatall otherteamplayersdo thesame.In contrast
to theARTapproacha playerdoesn't take its desiredrole right
away, but checks�rst if nootherplayeris currentlypursuingthe
sameroleandconsideringthatrolebestfor itself aswell. As the
world modelsof theplayersarenot identicaltheir perspectives
canin factdiffer. Thereforeaplayeronly takesaroleif eitherno
otherplayeris currentlypursuingthatroleor thepursuingplayer
signalsthat it actuallywantsto changeits role. Thatway with
only little extra communicationeffort thenumberof situations
is reducedwheremorethanoneplayerhave thesamerole.

A problemfor this approachare situationswheredifferent
playerscomeupwith verysimilar utilities for a certainroleand
therolesmightoscillate.However, by addingahysteresisfactor
to theutility of a player's currentrole it is ensuredthata player
only givesuparole if its realutility for thatrole is clearlyworse
thantheoneof its teammate.

As this approachdependsheavily oncommunication,a ”f all-
back” strategy is implementedfor situationsin which commu-
nicationis not possibleor not working. A CS Freiburg player
detectsthesesituationsby monitoringthetime it lastreceiveda
messagefrom theglobalworld model.If thelastmessageis too
old, it assumesacommunicationmalfunctionandlimits its area
of play to a prede�nedcompetencearea[16]. Thecompetence
areasof theplayersaredesignedin a way that importantareas
on the�eld arecoveredby at leastoneplayerandensuringthat
the players(which don't recognizetheir teammatesanymore)
don't disturbeachother.

Figure 12 shows a screenshotof the global view during a
game. While the active playerdribblesthe ball aroundan op-
ponentthesupportingplayermovesto its preferredpositionand
thestrategic playerobservestheball.

Fig. 12. Visualizationof the resultsof the global sensorintegration together
with a player's utilities for takinga certainrole, its currentrole andits current
action.Thesmallwhite circle denotesthepositionof theball asdeterminedby
theglobalsensorintegration,whereasthesmallgrey onescorrespondto theball
asperceivedby theindividual players.

C. Results

In orderto verify the effectivenessof the teamcoordination
approach,log-�les of gamesthe CS Freiburg teamplayedat
RoboCup2001wereevaluated.

Table I displays statistics evaluating the role assignment
method. All valuesare averagedover the gamesplayed at
RoboCup2001in Seattle.In the�rst line thelengthof thetime
intervalsour playerskepta certainrole arelisted. Interestingly
thevaluesfor the�eld playersaresimilarto theaveragebetween
role switchesof 7 secondsreportedby theARTteam[7]. The
secondline shows how long (on average)a role wasnot unique
whentherewasa role change.This time is differentfrom zero
becauseof two reasons.Firstly, thecommunicationof therobots
is not synchronized,so onerobot might alreadytake on a role
even if theotheronewill only give it up thenext time it sends
an informationpackage.Sincethe cycle time of our robotsis
100msec,onewouldexpectanaveragedelayof 50msecat this
point. Secondly, thereis the problemthat thereareglitchesin
thewirelesscommunication,leadingto the lossof someinfor-
mationpackages,whichmeansthatarolechangeis notrecorded
immediately, whichexplainstheremaining25–55msec.

Role Active Support Strategic
Rolekept 5.4s 8.1s 5.7s
Rolenotunique(perchange) 0.106s 0.075s 0.076s

TABLE I

EVALUATION OF THE ROLE ASSIGNMENT METHOD

V. BASIC SKILLS AND ACTION SELECTION

In orderto play an effective andsuccessfulgameof robotic
soccer, a powerful setof basicskills is needed.

A. Goalkeeper

As in mostotherrobotsoccerteamsin themiddlesizeleague
the hardwarecon�guration of the goalkeeperdiffers from the
oneof the �eld playerswhich is mainly becauseof the differ-
ent tasksthegoalkeeperand�eld playersaredesignedfor. The
CSFreiburg goalkeeperhasa specialhardwaresetupwherethe
top part of the robot, containinglaserrange�nder andvision
camera,is mounted�

�
�

to onesideallowing therobotto move
quickly parallel to the goal line (seeFigure13). This kind of
setupis quite popular in the middle size leagueand usedby
otherteams,too.

The goalkeeperuses six skills for defending its goal as
sketchedin Figure13. If the goalkeeperdoesn't know where
theball is, it alternatelymovesalittle bit closertowardsthegoal
centerandrotatesleft andright searchingfor theball. Whenthe
ball ismovingslowly thegoalkeeperblocksin ordertominimize
theareaof attack.However, if theball is moving fast,thegoal-
keeperinterceptsat thepoint wheretheball is expectedto pass
the goal line. In practicea ”smooth” behavior is achieved by
interpolatingbetweentheblockandinterceptpositionconsider-
ing theball's velocity. If theball is on thesideof thegoal, the
robot turnstowardsthe cornersto maintainthe ball in its �eld
of view andto make it moredif�cult for anopponentto scorea



a a

(a) (b)

(c) (d)

(e) (f)

Fig. 13. Goalkeeper's tacticsfor saving theCSFreiburg's goal: (a)ball search-
ing, (b) minimizing the areaof attack,(c) interceptingthe ball, (d) turning to
corner, (e) interceptionusingopponentheading,and(f) interceptionusingop-
ponentto ball heading.

directgoal.Thelasttwo andmoresophisticatedtacticsfor inter-
ceptingtheball arebasedontheheadingof anopponentowning
theball (Figure13(e)),or theheadingof anopponentto theball
(Figure13(f)). They assumethat the attackingrobot will kick
theball straightaheadwhich is truefor mostrobotteamspartic-
ipatingin themiddlesizeleaguebut is not truefor a few teams
(e.g.,Golemor Alpha++). For this reasonthesetwo tacticscan
beturnedonor off at gamestart.

B. BasicSkillsof Field Players

To get hold of the ball a playermovesto a positionbehind
the ball following a collision-freetrajectorygeneratedby the
pathplanningsystemwhichconstantly(re)planspathsbasedon
theplayer's perceptionof theworld (GoToBall). If closeto the
ball a player approachesthe ball in a reactive mannerto get
it preciselybetweenthe �ippers while still avoiding obstacles
(GetBall). Oncein ball possession,a player turnsandmoves
the ball carefully until facing in a direction which allows for
an attack(TurnBall). If the player is right in front of the op-
ponentgoal, it kicks the ball in a directionwhereno obstacles
block thedirectway to thegoal(ShootGoal). Otherwiseit �rst
headstowardsa clearareain thegoalandturnssharplyjust be-
fore kicking in casetheopponentgoalkeepermovedin its way
(MoveShootFeint). However, if obstaclesarein theway to the
goal, theplayertries to dribble aroundthem(DribbleBall) un-
lessthereis not enoughroom. In this casethe ball is kicked
to a position closeto the opponentgoal (ShootToPos). In the
event of being too closeto an opponentor to the �eld border
theball is propelledaway by turningquickly in anappropriate
direction(TurnAwayBall). If a playergetsstuckcloseto anob-
stacleit tries to free itself by �rst moving away slowly and(if
this doesn't help) then trying randommoves (FreeFromStall).
However a playerdoesn't give way if theball is stuckbetween

himself and an opponentto avoid being pushedwith the ball
towardshisown goal(WaitAndBlock).

AgainstfastplayingteamstheCSFreiburg playersareoften
outperformedin theracefor theball whenapproachingit care-
fully. Thereforetwo variantsof a skill for situationsin which
speedis crucialweredeveloped.Both let the robot rushto the
ball andhit it forwardswhile still avoiding obstacles.In offen-
sive playBumpShootOffenseis employedto hit theball into the
opponentsgoalwhenvery closeto it. In defensive play theuse
of BumpShootDefensecanbe switchedon or off accordingto
thestrengthof theopponent.

Playersful�lling strategic taskscomputetheir positionsand
follow collision-freepathsto dynamicallydeterminedpositions
(GoToPos). From thesepositionsthe playerseithersearchthe
ball if notvisible (SearchBall) by rotatingconstantlyor observe
it by turning until facingit (ObserveBall). In offensive play a
supportingplayermayalsotakeapositionfrom whereit should
be ableto scorea goal directly (WaitForPass). Oncein sucha
position,it signalsto its teammatesthat it is waiting to get the
ball passed.The decisionis thenup to the ball owning player
whetherto passthe ball (PassBall) or to try to scorea goal by
itself.

To complywith the“10-secondsrule”5 aplayerkeepstrackof
thetimeit is spendingin apenaltyarea.Wheneverit comeclose
to violating the 10-secondsrule, it leavesthe areafollowing a
collision-freepathgeneratedby thesamepathplanningsystem
asemployedin theGoToBall skill (LeavePenaltyArea).

TheCSFreiburg playersarecapableof effectively dribbling
with the ball aroundobstaclesand exploiting deliberatelythe
possibility of reboundshotsusingthe walls6. In the following
thesetwo skills aredescribedin moredetail.

Figure14(a)showsascreenshotof aplayer'slocalview while
dribbling. In every cycle, potentialcontinuationsof thecurrent
playareconsidered.Suchcontinuationsarelinesto pointscloser
to the opponent's goal within a certainanglerangearoundthe
robot'sheading.

(a) (b)

Fig. 14. A CS Freiburg player's view of the world while (a) dribbling and
(b) ball-shooting. Circlesdenoteother robotsandthe small circle in front of
theplayercorrespondsto theball. Linesalmostparallelto the �eld bordersare
perceivedby thelaserrange�nder. Theotherlinesleadingawayfrom theplayer
areevaluatedby theskills.

All the possiblelines areevaluatedandthe directionof the
�

A playeris allowed to entera goalareafor no morethan10 seconds.Visit
www.robocup.org for acompletedescriptionof therules.

�

Of course,reboundshotsonly makesensewhengamesareplayedaccording
to the”old rules”whichenvision walls as�eld borders



bestline sampleis takenasthenew desiredheadingof therobot.
A line is evaluatedby assigningavalueto it, which is thehigher
thefurther it is away from objects,thelessturningis necessary
for theplayerandthecloserits headingis to theopponent'sgoal
center. Determiningthe robotsheadingthis way andadjusting
the wheelvelocitiesappropriatelyin every cycle lets the robot
smoothlyand safely dribble aroundobstacleswithout loosing
theball. TheCSFreiburg teamscoredsomebeautifulgoalsafter
a playerhaddribbledthe ball over the �eld aroundopponents
alonganS-liketrajectory. Of course,all thisonlyworksbecause
theball steeringmechanismallows for a tight ball control.

Figure 14(b) shows a screenshotof a player during ball-
shooting. For this skill the lines arere�ected at the walls and
areevaluatedto �nd thebestdirectionwhereto kick theball. A
line'svalueis thehigherthefurtherawayfromobstaclesit is, the
closerits endpointis to theopponent'sgoalandthelessturning
is requiredfor theplayerto facein thesamedirection. Taking
into accountthattheball doesn't reboundat the�eld bordersin
aperfectbilliard-likemannerthecorrelationbetweentheangles
of re�ection is calibratedmanually. Usingtheshootingskill the
playerswereableto play theball effectively to favorableposi-
tionsandevento scoregoalsdirectly.

C. ActionSelectionfor Field Players

The CS Freiburg's action selectionmoduleis basedon ex-
tendedbehavior networks developedby Dorer [11]. They are
a revisedandextendedversionof thebehavior networks intro-
ducedby Maes[23] andcanbe viewedasa particularform of
decision-theoreticplanning.Themainstructuralelementin ex-
tendedbehavior networksis thecompetencemodule, whichcon-
sistsof preconditions,effects,anda certainbehavior thathasto
be executed.Goalscanbe explicitly speci�ed andcanhave a
situation-dependentrelevance,re�ecting theagent'scurrentmo-
tivations.Thestateof theenvironment,asit is perceivedby the
agent,is describedvia anumberof continuouslyvaluedproposi-
tions �

���

 

��� � � !

. Competencemodulesareconnectedwith goals
if they areableto in�uence goalconditionsandalsowith each
other, if a competencemodulehasan effect that is a precon-
dition of another. Along the resultingnetwork connectionsan
activationspreadingmechanismis de�ned,with goalsbeingthe
sourceof activation. An actionis selectedby consideringeach
competencemodule'sexecutabilityandreceivedactivation.

Figure15showsapartof theextendedbehavior network [25]
usedfor the CS Freiburg players. The ellipsesrepresentthe
competencemoduleswith their preconditionsbelow and their
effectson top of them. The playershave two goals: Shoota
soccergoal or cooperatewith teammates.Therelevancecondi-
tion role active(playerhasactiverole) ensuresthatonly oneof
thesegoalsis relevantat a time dependingon theplayer's cur-
rent role. The strengthof the effect connections(indicatedby
thenumbersnext to arrows) aresetmanuallyandarerelatedto
theprobabilityof success.

D. LearningBasicSkillsandActionSelection

Onedif�culty in robotics(andin particularin roboticsoccer)
is to adaptskills andtheoverallbehavior to changesin theenvi-
ronment.An upgradeof therobot'skicking device,for example,
in�uencestheoverallperformancedrasticallyandparametersof
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Fig. 15. A partof CSFreiburg's extendedbehavior network.

theskills andtheactionselectionmechanismhaveto berevised.
In orderto addressthis issue,learningmethodsfor learningun-
supervisedandonlinehavebeenevaluated.Theultimategoalin
this context is to build robotic socceragentsthat improve their
skills duringtheir wholelife asef�ciently andquickly aspossi-
ble [20].

We appliedhierarchicalReinforcementLearning(RL) based
on SemiMarkov DecisionProcesses(SMDPs)asproposedby
BradtkeandDuff [5]. In contrastto Markov DecisionProcesses
(MDPs), which arede�ned for an actionexecutionat discrete
time steps,SMDPsareproviding a basisfor learningto choose
amongtemporally abstractactions. Temporallyabstractactions
are consideredin standardSMDPsas black box skills, which
executea sequenceof actionsin a de�ned partitionof thestate
spacefor anarbritraryamountof time.

In contrastto otherimplementationsbasedonSMDPsthede-
scribedimplementationhasthe capabilityof learningsimulta-
neouslyandonlineon all levelsof thehierarchy, similar asDi-
etterich's MAXQ method[10]. Henceskills weremodelledas
MDPswith rewardsde�ned accordingto thespeci�c task.

The learner's statespaceconsistsof position and velocity
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actionspaceis givenby thesetvaluesfor translationalandro-
tational velocity
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����� anda binary value for triggering the
kicking device. Sincethestatespace,thoughbasedon features,
is still large,themethodof Tile Codinghasbeenutilizedto gain
theeffectof generalization[31].

Dependingon the skill' s naturalgoal, terminal stateshave
beende�ned thatindicatea successfulexecutionby arewardof

�����

anda non-successfulexecutionby a rewardof
U

�����

. Fur-
thermore,in orderto fosternearoptimalandthusfastsolutions,
a negativerewardof

U

�

wasemittedfor eachselectedaction.
The SMDPandtheMDPshave beenlearnedwith Q(	 ) and

Sarsa(	 ), respectively. At this,Q-learningis usedwith Eligibil-
ity Tracesin orderto improvethelearningprocess.Experiences
are taken for an updateof the whole traceratherthan for the
lasttransitiononly. As theexecutionof a skill usuallyenvolves
many perception-actioncycles,Eligibility Tracesacceleratethe
distributionof informationwithin thevaluefunction. 7




The in�uence of experienceson former statesis setby the parameter�
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(a commonvaluewhenlearningwith n-stepupdates).The other learning
parametershave beenchoosenasfollows: Learningrate ���

�����

(small, due
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Fig. 16. Learningtheskill ApproachBall after (a) 10, (b) 100,(c) 500and(d)
15000episodes.After 500episodesthegoalof the taskcouldcontinuouslybe
achieved. Thetime indicatestheaveragedurationof oneepisode.

Thetrainingprocesshasbeencarriedout in astraightforward
manner, similar to theway humanswould train soccer. Firstly,
basicskills, asdescribedin sectionV-B,8 have beentrainedin
simple,staticscenarios.Secondly, theappropriateselectionof
theseskills andtheirembeddinginto thetaskhasbeentrainedin
a realisticscenariowhichwasagameagainstahand-craftedCS
Freiburg player. Dueto thecomplexity of thetaskit turnedout
to benecessaryto developa simulationfor a fasterpre-training
of therobots.Figure16 givesanimpressionof theevolution of
theskill ApproachBall duringlearningin thesimulation.

E. Results

TableII showsstatisticsof how oftenaskill wasperformedin
the�nal gamesat RoboCup2000brokendown for thedifferent
roles. It seemsquitesurprisingthat theplayersweresearching
for theball up to 10 % of thetotal playingtime. Howeveranal-
ysisof thelog-�les showedthatthehigh numberscanbeeither
attributedto communicationproblemsor to oneof thefew situ-
ationswherenoneof theplayerswasseeingtheball. Thesup-
porting andstrategic playerspentmostof their time observing
the ball. This was intendedsincemoving moreoften or more
accuratelyto a target positionswould result in a very nervous
andlesseffectivebehavior.

At a �rst glanceit seemssurprisingthattheactiveplayerwas
mostof thetime (64 %) occupiedwith gettinghold of theball.
However the fact that after kicking the ball the active player
usually startsto follow the ball againexplains the high num-
bersfor GoTo andGetBall. Neverthelessit madeuseof all the
skills availableto it demonstratingthatit distinguishedbetween
a largenumberof differentgamesituations.

The learningof skills andtheir selectionhasbeenevaluated
with respectto the systemscapabilityof adaptionto the task.
Figure17 documentsthe rewardsreceived during learningby
the robot with the reducedkicking device (normalkicker) and

to thenon-determinismof theenvironment),explorationrate � �

��� ���

(small,
sincehighexplorationcouldleadto failures)anddiscountingparameter� �

� � �

(dueto thepresenceof anabsorbingstate).
�

Note, that the skills are learnedfrom scratchwithout a priori knowledge
expecttherewards.

Active Strategic Support
BumpShootDefense 7 0 0
BumpShootOffense 1 0 0
DribbleBall 4 0 0
FreeFromStall 3 0 0
GetBall 32 0 0
GotoBall 32 0 0
GoToPos 0 16 40
LeavePenaltyArea 1 0 0
MoveShootFeint 1 0 0
ObserveBall 0 75 50
SearchBall 5 9 10
ShootGoal 3 0 0
ShootToPos 2 0 0
TurnBall 2 0 0
TurnAwayBall 4 0 0
WaitAndBlock 3 0 0

TABLE II

TIME IN PERCENT A SKILL WAS PERFORMED IN THE FINAL GAMES AT

ROBOCUP 2000 BROKEN DOWN FOR THE DIFFERENT ROLES
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Fig. 17. Learningto improve pre-learnedskills andtheir selectionwhile com-
petingwith a hand-craftedplayer. If equippedwith a differentkicking device
(normalkicker), therobotadaptsits strateg.

the robot with the kicking device usedfor pre-learning(strong
kicker). Thebaselineindicatestheaverageof theaccumulated
rewardsaCSFreiburgPlayerwith normalvelocityachievesdur-
ing oneepisode.Dueto thefactthatskills werepre-trainedwith
a strongkicker the learnerusingthenormalkicker reachesless
rewardsduring the �rst

� �����

episodes.After �

�����

episodes,
however, playingwith anormalkicker turnsout to bemoresuc-
cessfulthanplaying with the strongone. The learnerwith the
normalkicker developsa differentway of playing: He is drib-
bling moreoften to the front of the goalandperformsa rather
preciseshootfrom smalldistance.

Finally thetrainedsystemhasbeenrunonarealrobot.While
playingfor onehourthelearnerwasableto score

����� 	

goalsper
minute. In contrast,thehand-craftedCSFreiburg playerscores

���

�	� goalsperminute.Note,thatcomparedto thehand-crafted
playerfar lesstimewasneededfor designandparameterization.



VI. CONCLUSION AND DISCUSSION

The combinationof methodsdescribedabove aswell asthe
implementationof the methodsthemselves led to a successful
roboticsoccerteam,asdemonstratedby theperformanceof CS
Freiburg at theRoboCupcompetitions.Nevertheless,thereare
two importantquestions.Firstly, thereis the questionwhether
therearealternativesuccessfuldesignsfor roboticsoccerteams.
Secondly, thereis the questionin how far RoboCupcanin�u-
encethemulti-robotand/ormulti-agentresearchareas.

A. Designsfor RoboticSoccerTeams

Reconsideringthehistoryof the last � ve yearsof RoboCup,
thereare,of course,otherquite successfulroboticsoccerteam
designs.Our teamrepresentsjust onepoint in thespaceof pos-
sible designs. It canbe characterizedby the following salient
properties:
1. accurateandreliableself-localization
2. a largesetof basicskills
3. deliberationandreactiveplanning
4. groupcoordinationfor sensingandacting
5. restrictedperception(only to thefront)
6. restrictedmobility (two differentialdrivesandonecaster)

(1)–(4) arepropertiesthat de�nitely help to win games. In
particular, without self-localizationit can often happenthat a
team scoresown goals (and the history of RoboCupis full
of examplesof that). Furthermore,accurateandreliableself-
localizationallows theCSFreiburg playersto go to their kick-
off positionsautomatically(while otherteamsplacetheir robots
manually). In addition, accurateself-localizationis needed
whenonewantsto comply with the 10-secondsrule (seeSec-
tion V-B). However, anuncertainbut goodenoughposeestima-
tion might oftenbeenough.As a matterof fact,in thetwo �nal
gamesat RoboCup2000and2001,theotherteamsdid not use
accurateself-localization,but wereneverthelessverystrong.

At RoboCup2000,theGolemteamdemonstratedthatrobots
with omni-directionalvision andanomni-directionaldrive can
bevery agileandreactive,enablingthemto befasterat theball
thantheCSFreiburg players.The strengthof the Golemteam
can, for instance,be judgedfrom Figure18, which shows the
tracesof thepositionsof theball andtheCSFreiburg playersas
recordedin thequarter�nal gameandthe�nal game.

While in thequarter�nal againstCMU HammerheadstheCS
Freiburg playersspentmostof the time in theopponent's half,
they were forced into their own half most of the time during
the �nal gameagainstGolem. The gamewas �nally won by
CSFreiburg by penaltykicks. All in all, it wastheoverall im-
pressionthat themechanicaldesignandthesensorsetupof the
Golemteamwassuperior, but thatCSFreiburg wasableto com-
pensatefor this by accurateself-localization,teamplay, anda
goodgoalie.

Similarly, during the �nal gameat RoboCup2001, the Os-
akaTrackiesput CSFreiburg undera lot of pressure.They also
usedanomni-directionalcamera,but noomni-directionaldrive.
Nevertheless,the platform hadhigh agility and the playersof
OsakaTrackiesweremuchfasterattheball thantheCSFreiburg
players.This gamewasdecidedbecauseoneOsakarobot was
removedfrom the�eld becauseof a redcard,onewasremoved

(a)

(b)

Fig. 18. Traceof thepositionsof theball (black)andtheCSFreiburg'splayer's
(light color)atRoboCup2000during(a)thequarter�nal and(b) the�nal – both
timesplayingfrom left to right.

becauseof ahardwareproblemandthegoaliehadasevereprob-
lem aswell. In this situation,CSFreiburg scoredtheonly goal
duringthegame.FromthisgameonegottheimpressionthatCS
Freiburg wasableto compensatethespeedof theotherteamby
a very reliablegoalieandrobustnessof thehard-andsoftware.

Summarizingthe brief comparisonwith designsof other
strongteams,it is clearthattheCSFreiburg designis quitecom-
petitive,but therearealternativedesignsthatareascompetitive
asCSFreiburg.

B. TheRelevancefor Multi-Robot-andMulti-Agent-Systems

As should have becomeobvious, robotic socceris a rich
sourceof inspirationfor multi-robot andmulti-agentresearch.
It hasalreadyled to the developmentof interestingmethods,
e.g.,our fastscan-basedlocalizationmethodin polygonalenvi-
ronments[17], ourglobalobjecttrackingtechniquedescribedin
SectionIII-B, theSPAR methodfor decidingtheplacementof
playerson the�eld [30], andthedynamicroleassignmenttech-
niquedevelopedby Castelpietraet al. [7]. And this list is by
far not complete.Althoughsomeof thesemethodsarespeci�c
to roboticsoccer, they mayneverthelessserve asinspirationfor
similarproblemsin othermulti-robotapplications.

Furthermore,RoboCupis anattractive testbedfor comparing
differentmethodsunder“hostile” conditions. The most inter-
estingaspectof the RoboCup,however, is the needto design
andimplementsystemsthat “close the loop” from observation
overactionplaningandactionselectionto actionexecutionand
monitoring.It is notenoughto comeupwith methodsthatwork
in isolationunderideal conditions,but onehasto usemethods
thatcanbeintegratedinto a largesystemandthatshow graceful
degradationwhensomethinggoeswrong.



Of course,theRoboCupenvironmenthasa numberof prop-
ertieswhich may limit transferabilityto other multi-robot ap-
plications. For example,on a robotic soccer�eld onecanas-
sumethat communicationradiusis not a limiting factor in es-
tablishingsuccessfulcommunicationlinks betweentheagents,
while in largerscaleapplicationsonemight beverywell forced
to considerlocal, temporary, ad-hoccommuncationlinks [18].
Also, therobotscanalmostalwaysobservetherestof thegroup,
which may not be true whenoperatingin largerenvironments.
However, thenecessityto beresponsive to dynamicchanges,to
substituterolesof brokenrobotsandto berobustin general,are
propertiesfoundin almostall multi-robotapplications.
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K. Müller, B. Nebel,B. Szerbakowski, andM. Thiel. CSFreiburg: Doing
theright thing in a group.In Stoneetal. [28].

[40] T. Weigel, A. Kleiner, F. Diesch, M. Dietl, J.S. Gutmann,B. Nebel,
P. Stiegeler, andB. Szerbakowski. CSFreiburg 2001.In Birk et al. [4].


